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Abstract—A novel approach for reconstruction of sparse high- 2) Computing feature velocities of dense spatio-temporal
resolution data from lower-resolution dense spatio-temporal data images from low-resolution 18 km data.
is introduced. The basic idea is to compute the dense feature 3) Projecting computed feature velocities onto 4 km data

velocities from lower-resolution data and project them to the d solving the f tion for intensit d
corresponding high-resolution data for computing the missing ana solving the flow equation Tor Intensity as oppose

data. In this context, the basic flow equation is solved for intensity, to velocities.
as Opposed to feature velocities at h|gh resolution. Although the Current methods for |nterpo|at|ng SST data are based on
proposed technique is generic, we have applied our approach _,.._ .. . : : ;
to sea surface temperature (SST) data at 18 _k_m (low-resolution 02bject|ve anainIS|s (OA_%_h[l] a?d h%?tlmal Interrptolatlr?r; ggl)ml
dense data) for computing the feature velocities and at 4 km [2] @S @ special case. These techniques operate on randomly
(high-resolution sparse data) for interpolating the missing data. distributed spatio-temporal data, and they have been shown
At low resolution, computation of the flow field is regularized and to be reliable up to 18 km resolution, e.g., a grid size of
uses the incompressibility constraints for tracking fluid motion.  95° \with an image size of20 x 1440. However, due to the
At high resolution, computation of the intensity is regularized extremely high computational complexity of these methods
for continuity across multiple frames. . . . . S :
interpolating SST data at high resolution, e.g., a grid size of
Index Terms—High resolution, interpolation, motion, duality, (0.04395° with an image size 0f096 x 8192, remains an open
multigrid methods problem. We propose to solve this problem by integrating two
different sources of informationrmotion and temperature In
[. INTRODUCTION the proposed model, we can incorporate flow, temperature,
prop p p

This paper presents a novel approach for reconstructi®@ompressibility and smoothness together. As we shall see,
of high-resolution spatio-temporal data from lower-resolutioiie temperature gradient and oceanic flow are dual, and if one
data. The development of the proposed system is driven by thenown, the other can be computed. In this context, given
need to fill in missing data in high-resolution images obtainéd estimate of oceanic flow, we can interpolate the SST data
from observational platforms. Current environmental satellit€y & “fix one and compute the other” strategy.
generate massive amount eparse geophysical data, e.g., We show that our model can also be applied to a sequence
sea surface temperature (SST), ocean color, and precipita®rhigh-resolution SST data where each frame has a corre-
data. These observations are collected through the NASponding lower-resolution optical flow representation. This is
MODIS (50-100 gigabytes/day of oceanic data) and NOAAIMilar to the MPEG-1 standard, where motion is computed
AVHRR (4 gigabytes/day) spacecraft. Global AVHRR datat & low resolution to predict the next frame. The error in the
are down-linked to several universities and managed by Bfedictionis then corrected by the regularization term. There is
automatic processing environment that navigates, calibratag;lose similarity between this model and the related Bayesian
and computes the geophysical fields (e.g., SST) and combifiégnework [3]-[5].
the satellite swath data into daily, regional, and global fields. The outline of this paper is as follows. An overview of
In the case of SST, the sparseness of data is due to cloud BFevious work and background material is presented in Section
aerosol contamination. These data need to be interpolated lfoSection Ill describes the basic idea and its detailed imple-
effective visualization and subsequent analysis. We focus @gntation. Section 1V gives the experimental results. Section
dense reconstruction of sparse SST data at 4 km resoluti¥nconcludes the paper.

An example of sparse SST data at high resolution is shown

in Figure 1. The novelty of our work is not just limited Il. PREVIOUS WORK

to the proposed methods, but also to the fact that current ) , i L i
reconstruction (interpolation) algorithms do not scale to 4 km N this section, a brief summary of objective analysis,

data due to computational complexities. Our approach consie@yesian models, and the Gibbs sampler is provided. Intro-
of three steps: duction to traditional super-resolution restoration can be found

1) Leveraging the current operational low-resolution recon- [61-[8].

struction techniques at 18 km.

Manuscript received 5 Jun. 2001; accepted 22 Jan. 2003. A. Objectlve anaIySIS

Recommended for acceptance by Dr. Arnaud Jacquin. Objective analysis (OA) is used extensively by meteorolo-
The authors are with the Imaging and Informatics Group of the Computa-

tional Research Division at Lawrence Berkeley National Laboratory, Berkelé}',StS [9] and oceanographers [1] for estimating the values of

CA 94720 geophysical variables at a grid of interpolation points from
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degree resolution. However, all existing OA-based techniques
fail to interpolate SST data on higher-resolution grids, e.g.,
4096 x 8192, due to instability and increased computational

complexity.

B. Bayesian framework

Statistical inference has been used for analyzing and un-
derstanding images for at least 20 years [3], [10], [11].
A brief introduction to this topic can be found in [5]. In
Fig. 1. Sample sea surface temperature (SST) data with no interpolatiorgeneral,’ such a model consists of two partsprmr model
of possible parameters, anddata modelof what images are
consistent with this prior model of the scene. Letbe the

irregularly distributed data points. OA is based on the Gaug&riables to describe the scene; the model is completed by
Markoff theorem for a linear minimum mean-square estimafiVing the conditional probabilities(/|w) of any image/
of a random variable and requires the estimates of the fifdlyen the scene variables, resulting in the joint probability
and second order statistics for both the observing and figtribution:
dynamical system. 71, w) = 7(Ifw) - w(w) (1)

The most common method of objective analysis in curreQfsing Bayes’ theorem, we have
operational numerical forecast centers is the optimal interpo-
lation (Ol) method. This method uses predefined covariance m(w|) = M
functions derived from climatological data in order to relate the (1)
covariance between the field at a grid point and the observatipie corresponding energy is expressed as
point. The Ol analysis is discussed in [2] where the analysis
is computed in terms of increments, rather than the actual f(w) - _IOgg(wm) =~ log(w(I|w)) = log((w))
temperatures, so that the initial guess is preserved in regions™ Ea(l, w) + Ep(w) 3)
with little or no data. Presently, the Ol analysis is produced f
daily and weekly periods on B grid. Since local conditions
tend to persist for a time, the previous Ol analysis is us
as a first guess for the next analysis. This was found to

x w(I|w) - w(w) (2

Rhere the goal is now to minimiz&€(w). E, is sometimes
called the regularizer because it was historicallyddtrced to
%&ake the variational problem of minimizing; well-posed.

eAIthough the above framework is rather simple, it has

more accurate than using climatology as aniahguess. To roven to be powerful. It is not sufficient to propose various

reduczoa the number of observations u“sed in the O, gver? %rgy models — an efficient solution is also needed. Among all
over 1 squares are computed. These Super obs.e.rva'glons E?nputer simulation methods, the Monte Carlo methodology,
computed independently per ship and buoy identification co gpecially Markov Chain Monte Carlo (MCMC), provides an
and for the day and night of sat_ellite _retrieva_lls. Ships normal normous scope for statistical modeling, WhiC}’; has attracted
make <_3n|y one 6-hou.rly report,_ inagiven grid box. As a resu\ézuch attention among statisticians. MCMC is a well accepted
the chief effect of this averaging is to reduce the number chnique for integrating over high-dimensional probability

buoy and ;atglllte measgreme_nt values usgd in the analya|§tributions, including situations with missing data and nui-
The analysis increment is defined as the difference betw ce parameters, and may be used to make inference for
the analysis and the first guess; the data increment is dEfi;b%ﬁiameters of inte,rest

as the difference between the data and the first guess. hﬁ1 the next section, we will introduce two special samplers

analysis increment;(), is given byr(k) = 5, w(i, k)a(i) iy McMC, ie., Gibbs sampler [4] and two-component Gibbs
where¢(i) are the data increments and(i, #) are the least sampler.

square weights. The subscri@t) ranges over the grid points
where the solution is required and the subscript (i) ranges over
the data points. When there is little or no data in a region, tie Gibbs sampler
weightsw (i, k) approach zero. The Ol method is only optimal Let ]
when the correlations and variances needed to calculate the m(x) = = exp(—F(x)) (4)
w(i, k) are known for incremental analysis. Calculation of z
the w(i, k) involves matrix inversions that become unstablee the target probability distribution function under investi-
if too many data points are involved. This is one reason tHgation, whereE(z) is the energy, and’ is the normalizing
averages over the grid squares are formed before the analygistant. Suppose = (zy, z2,-- -, z4), and the current state
The ship measurements are noisier than the buoy and satelfite’") = (x(f), x(;), e l{;)), whered is the dimension. Then
measurements, and they have smaller weight values in the systematic scan Gibbs sampler can be described as follows:
analysis. o« Fori=1,--- d, we drawz!""" from the conditional

Ol is a widely accepted method in the community, and it  distribution
has been used by NOAA-CIRES Climate Diagnostics Center

. (1+1) (t+1) (1) (®)
to generate weekly sea surface temperature data with one- LIy Ty, ) (5)

w (x|
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In summary, to update one variable, we fix all other variables, T
and draw a sample from the conditional probability. Gibbs
sampler was proposed by Geman and Geman [4], which
effectively reduces a high-dimensional simulation problem T l
to a series of lower-dimensional ones, Thus, reducing the

CQmp|EXities of |arge'§ca|e problems. In practical applicatiorﬁg_ 2. Critical points with non-zero divergence: (left) a sink; (right) a source.
highly correlated variables are often grouped together for

blocking Gibbs sampling. Among various grouping schemes, on Flow modd
the two-component Gibbs sampler is of particular interest,.ow resolution Sparse SST- == = =>| Dense SSTI- - - = - =>| Oceanic floy
which operates as follows. If a random variaklecan be ;
partitioned into two parts; = (#1, 22) with the current state at Bilinear 1 interpolation
(z{", z{")), then a two-component Gibbs sampler [4] updates v
as:

+ Draw 2{'*") from conditional distributionry|s(-|5"); High resplution basesst | POHON MM ocemnicfow

+ Draw 2" from conditional distributionrs; (-|«{").

This sampler corresponds to the data augmentation algo-
rithm [12], which was designed for handling Bayesian missing
data problems. This idea is closely related to the EM algorithfig. 3. Protocol for reconstructing (interpolating) high-resolution SST data.
[13], which is widely used by computer vision researchers
[14].

If the temperature is known at each point, then the following

[1l. DUALITY OF FEATURE VELOCITY MEASUREMENT AND Model is used to estimate the FDV
RECONSTRUCTION 1

- (Lou+1 v+]t)2—|—a2(ui—|—u2+vi+v2)+62(um+v )2dxdy
Let I"(x,y) be a sequence of SST data whereand y // ! ! ! !

. . . . Q)
porrespond to latitude and Io(?)gltude,ls(t)the time, and! This model has been studied in [16], [17], and can be solved
'S the actual temperature. L™ (z, y), v'"(z,1)) represent efficiently. On the other hand, {f, v) is known, then Equation
the corresponding feature diggement velocity (FDV) at Y- B ' q

each point, where: and v are the horizontal and vertical6 reduces to

velocity respectively. The energy governing computation of l//(]mu + Lo+ 1) 4+ 4212 + I2)dedy (10)

FDV equation for incompressible fluid can be expressed as
(subscripts represent partial derivatives in this paper) Although the above strategy is feasible, the computational cost
Low+Iv+ I)? + o2 (12 + w2 + 2 + v2)+ !s.t_oo hlgh_ in t_he ab.sence of a good initial gond|t|on. This
#((um v Uyz)’z N 75)(15 N I%)dxdy Y ) (6) initial condition is derived from the low-resolution dense SST
data through OA analysis. Extending SST from low-resolution
to high resolution provides a good initial solution. However,
Lu+Liv+ L =0 (7) the computational cost of FDV at a high resolution, e.g., 4 km,
which is exactly the same constraint as the Horn-SchunngStIII tpo high. As a result, we comque the flow.at the .IOW
optical flow model [15]. The first term in Equation 6 is theresolunor?, then prOJect thEDV to the high resolution. This
simplified two-dimensional conservation of temperature. Tﬁseacrrir;)uelg'irﬁstzlgtl?gv\i/;;?zgczg:]he two-component sampler
second term is the spatial smoothness constraint on the F vl P C .
The third term is the zero-divergence constraint whds set Figure 3 shows our approach to high-resolution reconstruc-
: ) ; . . tion of sparse SST data which takes advantage of the dual
to a large number. For incompressible fluids, the fluid motion . :
has to have zero divergence at each point, igt v, = —uw representation of E.quayon 6: We solve.the FDV at low reso-
where w is the component in the directi,on ”Ury1der wezé\k lution and then project it to high resolution for reconstruction

constraints, this equation can be expressed,as v, ~ 0. A using the known velocity field. The concept dix' one part

vector field with zero-divergence does not contain sinks ar?(?d compute the otheis utilized in the absence of random

sources. A counter example is given in Figure 2. The fourﬁ?mplmg'
term is the smoothness of the temperature. This new constraint ) o )
is necessary for the interpolation (reconstruction) problem.A- Computing velocity field at low resolution
In general, all the unknowns in Equation 6 can be solved Equation (9) is essentially the generalization of of Horn and
simultaneously, but this is a difficult nonlinear problem thachunck’s optical flow model [15]. A weak zero-divergence
cannot be solved in a reasonable time span. However, ttanstraint is added to form this new energy functional. This
duality of Equation 6 model has been studied by Suter [16], Gupta and Prince
T [17] and Yang and Parvin [18]. Our implementation uses
Loy Iy, ) - (w, 0, 1) = 0 (8) a multigrid method for high efficiency. We have tested our
indicates that if the FDV is fixed, then the intensity can bechnique on several years of SST data and compared the
computed with additional constraints and vice-versa. computed velocity with ground truth data obtained from buoy

(]

This equation assumes brightness constancy, i.e.,
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Fig. 4. Computed feature velocities, their magnitudeufaderlying intensity),
and vortices from a pair of images at low resolution (18 km).

measurement. Figure 4 shows an example of the computation

of velocity field at 18 km resolution.

where
2 2
A =-LI+ B (wjgni + wj—ni) + 2 (uignt
Wi i—n) + 1oz (Vjthyith F Vjmhioh — Vjthioh — Vj—hi+h)
2 2
Ay = —I, 1 + % (vjgni + vj—ni) + SE2 (vj,ign+
2
Vji—n) + fﬁ(uj+h,i+h + Uj_pi—h — Ujthioh — Uj—h,ith)
Representingu; ; and v;; by A; and A;, we have the
following iterative strategy

w7 = B[ + 22 AT — 11, ALY (14)
n+1 n a? n
i = L LAY + (I 4+ ALY

where(ugn) (")) is the velocity field at thex-th step,D =

R Y

4o I;I;Zﬁ (Ig+15)+(4a I;I;Zﬁ )2.

B. Computing intensity at high resolution

By projecting computed feature velocities at low resolution
to sparse high-resolution data, we now can fill in the missing
intensity data (temperature). Lét'~Y(z,y) and IV (z,y)
be a consecutive pair of SST images, the brightness constancy
constraint is given by

Icgt—l)u(t—l) 4 I?St—l)v(t—l) 4 I(t) _ I(t—l) =0 (15)
or
I(t) — _Icgt—l)u(t—l) _ I?St_l)v(t_l) 4 I(t—l) (16)
If 1(:-1) is fixed, then an estimate df") is
7 — _Iét—l)u(t—l) _ Iggt—l)v(t—l) + Jt=1) (17)
Equation (10) can be rewritten as
1 ~
5 //(I — I)* +7*(I] 4 I )dudy (18)

and the corresponding Euler-Lagrange equation is now given

by

I=T1+~2AT (19)

which is a very simple elliptic PDE. Substituting the finite
difference operator of\ [

The corresponding Euler-Lagrange equations for Equati@ito Equation (19) yields

(9) are given by

—Iy(Lou + Iyv + L) + 02va0 + (2 + f2)vyy + 2usy =0
(11)

Substituting the finite difference representation«$ (and
similarly v's) partial derivatives

{ —Lo(lou+ Tyo + Te) 4 (0% + %) uss 4+ 0’ uyy + 205y = 0

Ujth,itUj—h,—=2Uji
2

ul‘l‘|],z = N 7 ,
— Us iR TU ik =AU
yylz,e 2
|' L Yjith,ith Uik —Ujth,i—h—Uj—h,ith
Upylji = e

into Eq. (11), we have

(12 + 2582y 4 L Lyvg = Ay

T (13)
Lolyuji+ (12 4+ 22582y, s = Ay

Alj,z’ — Ij+h,z+Ij—h,z+I;'L,2z+h+Ij,z—h—4Ij,z (20)
T Tign,itli—n, it i4nt15-n—415:
Ij,i — Ij,i + 72 Jth, i—h, ;1,2+h Ji=k 7 (21)
and the iterative equation is now given by
h2?‘,r|-72(1'+h,z+I'—h,z+I',z+h+I',z—h)
L= — e (22)

The detailed multigrid implementation of this algorithm is
as follows.
o STEP 0.h = 2K
+ STEP 1. Repeat the following algorithm until it converges
for(i=0;i< M;i=1i+h) for(j =0, <N;j=
Jj+h)let

WL 47> Lani + Lo + Lien + Liion)
h? 4 442

Iy =

(23)
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This conditional probability can be approximated by
()] (1) (t=1) jG+1) (T)
2 (IOl E{)“’(Iu ’I(t—l)’ “('{+I1) ) (T) (26)
. exp(—E(IW| W T vl yeey THY)
= where
_ . E(IO| M =0 e Ty =
Fig. 5. MPEG-1 compression standard. %ff[[ét_l)u(t_l) i Iggt_l)v(t_l) i 7 _ I(t—l)]2 ,
+[I£t+1)u(t+1) + I?St+1)v(t+1) + 7+ I(t)]Z (27)
where M x N is the image size(/; ; is the temperature -2 [1;02 + I?St)z]dxdy
at location(j, 7).
« STEP 2. Linear interpolation. Let
for (i = 054 < M;i++){ Tali—1) _ (=1 i1y p(t=1) (1=1) | 7(i—1)
io = [i/h] - h.rs = (i— io)/h; L=l Iy “vAl 28)

Tt|t+1) — 7E+1) 1 (t+1) 1 1
for (j=0;j < Nij++) { [l = () 4 gDy gy

jo=[j/h] h,r; = (j — jo)/h Then Equation (27) can be rewritten as
Lii = (L=r)(1 =) g 50 + 7i(1 = 7)o igrnt

(L= 7i)ri Liotn,io + 7iv5 Lo hiotn E(IW|IW, ., 10=D, 100 1) =
t

(24) 5 M — TW=T2 4 100 — TURHDP24 - (29)
72[I£t)2 + Iggt)z]dxdy

}
o STEP 3. ifh = 1, stop; elseh = h/2, goto STEP 1. with the corresponding Euler-Lagrange equation
The regularization process helps to confirm the estimate by =1 L i) 9
checking the compatibility with existing points, and to reduce 10 = 5 T %AI(” (30)

the error propagated between a pair of images.
which can be summarized as follows:

C. Relation to MPEG-1 standard 1) Predict the current frame from the previous frame.

. . 2) Predict the current frame from the next frame.
Let us review the MPEG-1 standard. The basic scheme3) Average the two predictions.

for compressing a video sequence is to predict the motion4) Smooth the average.

from frame to frame in time, and then to use DCTs (discreteTO a certain degree, this is adopted from sietematic scan
cosine transforms) to organize the redundancy in the spatj . ) ’ . : :
) g y b @Iockmg) of Gibbs sampler [4] introduced in Section II-C. By

directions. The DCTs are computed on 8x8 blocks, and t . X R .
motion prediction is done on 16x16 blocks. In other Wordgpplymgthe multi-frame optimization repeatedly, continuity of
&terpolating images is significantly improved.

given a 16x16 block in the current frame that needs to
compressed, we look for a close match to that block in a
previous or future frame. Figure 5 demonstrates this concept. V. EXPERIMENTAL RESULTS

If we know the accurate value on block 1 and its motion to the ] . .
next frame, we can simplyopyandmovethis block to itsnew e have validated our approach by removing dense regions
location, e.g., block 2 of the next frame, if the data are missiry SParse high-resolution data followed by its reconstruction
there. In the case of the SST interpolation problem, the si28d comparison to the original data. Figure 6 shows the images
of each block ig4096,/720) x (8192/1440), or approximately Used for validation. Computed error is very small.

6 x 6. If the motion of a block of this size is known, then it_ Figures 7 and 8 show experimental results of our approach.
can help us to predict the next frame with high accuracy. THidgures 7a and 7b correspond to the original sparse SST

is another way to present why we have avoided computifigta and its quality field, respectively. The white pixels in
oceanic flow at high resolution. Figure 7b indicate that the corresponding points in Figure

7a are highly unreliable. Figure 8a shows the dense SST
data at low resolution where the flow field is computed.

D. Multi-frame interpolation This dense data is reconstructed by objective analysis. The
Interpolation can be extended to multiple frames by rewritnage has been enlarged to match the size of corresponding
ing Equation (10) as high-resolution data. This region corresponds t20a x 20°

region centered on 140west and 30 north. Figure 8b is
. . et ) ) (12 the interpolation result of Figure 7a, which shows a high-
B, 1Ty = 157 [ u+ 1 v + LY+ resolution dense image of the temperature distribution. A video
2 [1;02 + I?St)z]dxdy of reconstruction results over a 30-day period is available at:
(25) http://vision.lbl.gov/People/qyang/sst
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il il
@) (b) @

Fig. 6. Reconstruction results: (a) original region that was removed from
low-resolution SST data; (b) reconstruction of missing region.

(b)

Fig. 8. Reconstruction of sparse SST data for Figure 7a: (a) dense SST data
at low resolution 720 x 1440); (b) interpolated SST data at high resolution
(4096 x 8192).

V. CONCLUSION

Interpolation of large-scale geophysical data is an open
problem. This paper has proposed a new solution, applied it to
real data, and validated the results. The basic idea is to leverage
current operational interpolation techniques that are effective
at low resolution to compute the corresponding feature veloc-
ities. Missing data at high resolution are then estimated by
projecting computed feature velocities and solving the basic
flow equation in reverse.
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